or domestic animals (Daszak et al. 2000 , Adams et al. 2010 .
Models of species distribution are used to answer a diverse range of ecological and epidemiological questions Thuiller 2005, Jeschke and Strayer 2008) , including predictions of environmental conditions that may promote parasite presence. A variety of methods are available to construct these models; however, appropriate model choice is often dependent on the scale and data availability (Elith et al. 2006 , Peterson 2006 , Elith and Graham 2009 . Model choice often depends on sample size, data collection method (quantitative vs qualitative), and location specificity (Fielding and Bell 1997 , Hernandez et al. 2008 , Wisz et al. 2008 , Royle et al. 2012 . Geographic Information Systems and related technologies are increasingly used to analyse the geography of disease, specifically the relationships between pathological factors (Cromley 2003) . Examples of mapping of disease inducing organisms and their vectors are abundant (Fuentes et al. 2001 , Hendrickx et al. 2004 , Slater and Michael 2010 . These studies combine knowledge of vector and host requirements to define areas of potential high transmission risk.
Understanding areas of potential parasite presence using environmental variables may facilitate future health initiatives and wildlife management decisions (Scott 1988) . Using a well-studied species that is a potential host to a variety of parasites and adaptable to diverse ecosystems like the bobcat as an indicator for parasite presence may lead to understanding these relationships (Overstreet 1997) . Because of their shared ancestry and similar physiology, sympatric North American felids share several species of pathogens (Shock et al. 2011 , Bevins et al. 2012 . Modelling the distribution of parasites in felids is important because it will enable health officials to identify areas where surveillance for the presence and spread of epizootic diseases should be more comprehensive.
Three species of parasites able to infect domestic and wild felines occur in high prevalence and abundance in bobcats: Alaria marcianiae (La Rue, 1917) , Taenia rileyi Loewen, 1929 and Toxocara cati. All three species have very different life cycles and patterns of transmission (Mollhagen 1979 , Mohl et al. 2009 , Okulewicz et al. 2012 . These species are of interest because all three have been reported in domestic animals (i.e. they are epizootic), congeneric species are known agents of zoonotic disease and occur in high prevalence in the bobcat (Hiestand et al. 2014 ). Herein we used MAXENT, a general-purpose machine learning method and maximum entropy approach (Phillips et al. 2004 to develop predictive maps for two agents of zoonotic disease, T. cati and Alaria marcianae, and the epizootic T. rileyi, a common parasite of bobcats. MAXENT has been shown to successfully map potential distribution in situations with low sample size (as few as 10 locations) and presence-only data (Baldwin 2009 , Elith et al. 2011 . The program has been used to predict the potential distribution of species of Trichinella Railliet, 1895 at a continental scale (Masuoka et al. 2009 ). The objective of developing these maps was threefold:
(1) to model potential presence of A. marcianae, T. rileyi and T. cati in a small area; (2) to identify environmental variables of importance for potential parasite presence of monoxenous and heteroxenous species; and (3) to compare model confidence and validity with known ecology of these species.
MATERIALS AND METHODS

Study area
The potential presence of Alaria marcianae, Taenia rileyi and Toxocara cati was modelled across the 39 southernmost counties in Illinois (46 436 km 2 ). This region is human-dominated (ca 21.5 persons/km 2 ) and comprises the southern till plain, Wabash border, Shawnee hills, Ozark, lower Mississippi river bottomlands and coastal plain natural divisions (Schwegman 1972, Neely and Heister 1987) . Streams and roads are abundant on the landscape with densities of ca 1.1 km/km 2 and 1.5 km/km 2 , respectively. Land cover consists primarily of closed-canopy mixed hardwood forests (44%), grasslands (21%) and cropland (19%) (Luman et al. 1996) . Wetlands (8%), open water (6%) and urban (2%) cover types compose the remainder of the study area (Anonymous 1996a) . Southern Illinois has a continental climate, with hot summers and cool winters. Average annual temperatures range from 10.2 to 14.4 °C. Average annual precipitation is 810−1 220 mm (Anonymous 2005) . In Illinois, bobcats have been protected from legal harvest since 1971 and were considered threatened in the state until 1999 when they were assigned non-game species status (Woolf et al. 2002) .
Parasite collection
Forty-three bobcats (34 adults, 9 juveniles) were collected in southern Illinois during July 2003-August 2012 with 95% collected from 2010-2012 (Fig. 1) . Thirty-one roadkilled bobcats were collected in collaboration with the Illinois Department of Natural Resources (IDNR), Illinois Department of Transportation (IDOT) and the public. Twelve bobcats were trapped for the project (n = 8) or captured by licensed Illinois trappers seeking other species (n = 4). Data on individual bobcats were recorded (date, location and collector information); locations were recorded using a GPS or Google Earth (Google 2012). All methods were supported by the Institutional Animal Care and Use Committee at Southern Illinois University (Assurance Number A-3078-01).
The helminthological examination included inspection of body cavity and internal organs. Organ contents were sieved through 350 and 500 µm mesh. The filtered materials were processed by sedimentation and the sediment was examined to recuperate all parasites (Gardner 1996) . Parasites were separated, washed, fixed and preserved immediately. Voucher specimens were deposited in the United States National Parasite Collection (USNPC, Beltsville, Maryland, USA; Hiestand et al. 2014) .
Environmental variables
Environmental layers used to model the potential presence of parasite species included land cover, soil, distance to rivers, human density and climate variables. A cell size of 1 km 2 was ) was estimated by rasterising the enumeration area polygons based on U. S. census block groups (Anonymous 2010) . Climate variables of annual mean temperature, annual precipitation and precipitation of seasonality (coefficient of variation) were downloaded from WorldClim -Global Climate Data (http://www.worldclim.org/). Precipitation of seasonality was the change of average precipitation among seasons with low values indicating little change, or consistency, between seasons and larger values indicating drastic changes between seasons. ArcGIS 10.0 (ESRI 2011, Redlands, California, USA) was used for geospatial operations.
Modelling procedure of maximum entropy (MAXENT)
Potential presence of parasites was modelled using MAX-ENT 3.3.3 beta (http://www.cs.princeton.edu/~schapire/maxent/). MAXENT utilises a general-purpose machine learning method and implements a maximum entropy approach to habitat modelling, estimating an unknown density distribution over a finite set of spatial units. It does this by maximising the entropy subject to unit-specific constraints Dudik 2008) . MAXENT is particularly useful when very few, presence-only data points are available and the program is capable of dealing with continuous and categorical variables simultaneously ). Calculation of the probability distribution is exponential, ranging from 0 to 1.0, and summing to 1.0. This is achieved by summing the weighted probability values by a scaling constant. Beginning with a uniform probability distribution with a 'gain' equal to 0, MAXENT alters the weight of variables in turn so that the probability of occurrence of source data is maximised (Elith et al. 2011 ). This increases the gain fitting an asymptote during a run of the model. This final gain is a measure of the likelihood of the sample dataset. MAXENT models were run with the selected output of 'logistic', where pixel values range from 0-1. Default values were used for convergence threshold (10 -5 ) maximum iterations (500) and a regularisation multiplier of 1 because these settings have been found to achieve good performance in comparison to altered variations (Phillips and Dudik 2008) .
Model validation
To evaluate model fit, the receiver operating characteristic (ROC) and area under the curve (AUC) for both training and testing data were produced. The AUC value of the ROC plot is a method that does not require discrete presence/absence predictions, and is therefore a measure of accuracy that is threshold Area under the curve plots the model's sensitivity versus 1-specificity (Liu et al. 2005) . Sensitivity quantifies the proportion of observed presences correctly predicted as presence, which is therefore considered the true positive fraction. Specificity quantifies the true negative fraction. These measures of accuracy require that probabilities of occurrence obtained by models are transformed into discrete presence or absence, where a threshold of 0.5 is commonly considered random (McPherson et al. 2004 , Liu et al. 2005 , Jiménez-Valverde and Lobo 2007 ). This method is widely employed in modelling (Swets 1992, Fielding and Bell 1997) , including modelling species distributions . It has been suggested that AUC should not be the only method of model validation (Lobo et al. 2008 . Thus, further model validation using a jackknife procedure for each presence location for all three models was performed. A jackknife removes one source of information, in this case a known presence location, and reruns the model. If the presence location is still detected, the model has successfully predicted an unknown location. Jackknife output has been shown to effectively calculate the probability of success in datasets of small sample sizes (< 25 observations) (Pearson et al. 2007) .
MAXENT estimates the percentage relative contribution of each environmental variable to the overall model. However, the contributions may be altered by correlations between variables. To highlight these possible correlations MAXENT calculates a jackknife procedure for accuracy assessment and a combined p-value for significance testing of the species distribution models (Pearson et al. 2007 ). In the jackknife tests, the loss in regularised training gain of models with each predictor sequentially omitted was calculated. A constant low loss of gain compared with the complete model suggests that none of the predictors contain information contained in any other predictor. Subsequently, the gain for models containing each predictor was calculated separately. A large difference between the gain of these and the complete model supports that none of the predictors had sufficient explanatory power on their own. Highly correlated variables would have no loss of gain if they were left out of the model and would contribute equally if used alone.
To classify resulting model predictions into unsuitable and suitable areas of potential presence for model validation and interpretation the lowest presence threshold (LPT) was used. LPT is the lowest probability value assigned to any of the presence records analysed (Swanepoel et al. 2013) . Lowest presence threshold maintains zero omission error in the model localities and also represents areas of habitat that are at least as suitable as to where the species were observed (Pearson et al. 2007 ). Maps of potential presence for A. marcianiae, T. cati and T. rileyi were created using ArcGIS software (Bahn and McGill 2007) .
To further test the resulting model, an independent MAX-ENT layer using presence locations of all sampled bobcats to account for sampling bias was created. It incorporated all bobcat presence locations with the previously mentioned environmental variables and displayed the proportional contribution of each variable. The layer was used as an additional habitat variable in MAXENT for all three species to produce maps of potential presence with comparative outputs. By including the 'bias layer', we accounted for the conditions influencing bobcat presence locations as the most important variable. The resulting environmental significance indicated variable importance after bias was accounted for. This enabled the detection of potential bias in the model output associated with the lack of a structured sampling design.
RESULTS
Models were developed with presence locations of three parasite species: Alaria marcianae (n = 19), Taenia rileyi (n = 27) and Toxocara cati (n = 10) (Fig. 1) . These species occurred with abundance and mean intensity of: 81 and 193, 4 and 6, 4 and 14, respectively. Taenia rileyi had the greatest area of potential presence (39 411 km 2 , 85% of the study area), followed by T. cati (38 110 km 2 , 82%) and A. marcianae (34 040 km 2 , 73%) using the LPT of 0.1 (Fig. 2) . Maps of A. marcianae and T. rileyi indicated clear concentrations of high potential presence towards southernmost Illinois, whereas the map of T. cati displayed more scattered areas of high potential presence across the study area. All species had high AUC values when compared to the ROC curve (0.85−0.88), indicating good model accuracy (see Swets 1988) . The jackknife model validation demonstrated high predicted-presence Table 1 ). Of the environmental variables used to model potential presence, precipitation of seasonality was the most important contributing variable for A. marcianae (58.4% contribution to model creation) and T. rileyi (55.1%; Table 2). Land cover was the most important variable for T. cati (40.6%), but of relatively lower importance of the other two species (12.3 and 1.2%). Average precipitation was moderately important for all three species (14.3, 13.3 and 11.2) while average temperature was consistently unimportant (0.0, 0.0 and 1.3%). Human density was a higher contributor for T. rileyi (13.0%) but had a very low contribution for A. marcianae and T. cati (2.1 and 0.0%). Nearness to rivers was important for only T. cati (19.1%) with an increase of potential presence closer to rivers. The jackknife procedure for environmental variables for A. marcianae, T. rileyi and T. cati reflects these percentages and indicated the lack of correlation between environmental data layers used to build models (Fig. 3) . No correlation was found between variables due to the consistent loss of gain when each variable was removed from the model. Regularised training gain created from the jackknife was highest in A. marcianae (0.93) and relatively low in both T. rileyi (0.59) and T. cati (0.53; Table  1 ).
In comparison, after the addition of the bias layer (Fig. 4) , areas of potential suitability changed for each parasite species (Fig. 4) . All species had increased AUC values when compared to the ROC curve (0.91−0.94) and regularised training gain (1.09−1.47) but the jackknife model validation demonstrated a slightly lower predictedpresence success of omitted locations for all three species 
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(70−93%; Table 3 ). The bobcat bias layer was of highest significance for presence of all three species (83.6−90.9%; Table 4 ). After accounting for the bias induced by the sole presence of the host, climatic variables such as precipitation of seasonality, average precipitation and average temperature were consistently low contributors to the model (0−2%). The variables of highest significance after accounting for sampling bias included: land cover for A. marcianae (7.6%); soil and land cover for T. cati (6.8% and 6.3% respectively), and human density for T. rileyi (4.8%). A repeated jackknife of environmental variables for A. marcianae, T. rileyi and T. cati with the bias layer included reflected these percentages and indicated the lack of correlation between environmental data layers (Fig. 5) .
DISCUSSION
As the first known study to spatially model potential presence of multiple parasite species for bobcats we found that land cover, soil and human density were indicator variables contributing to parasite presence for each parasite species studied. Model output had different training gain for each species, which was not consistent with the number of presence locations. The differences between the predicted presence of the parasites reflected 50 100
Kilometers their specific environmental requirements, life cycles with varying intermediate hosts and free-living stages. All three parasite species may be considered generalists and were found at high prevalence in the sampled bobcat population. Alaria marcianae, for example, is commonly found in carnivores near wetland or semiaquatic areas; known hosts include bobcats, domestic cats, red fox, Vulpes vulpes (Linnaeus), and coyotes, Canis latrans Say (U.S. National Parasite Collection http://www. anri.barc.usda.gov/bnpcu/parasrch.asp), all of which are present within our study area (McDonald et al. 2008) . Alaria marcianae depends on aquatic environments for successful transmission because the species features two aquatic free-living life stages: the miracidium that infects planorbid snails as first intermediate host and the cercaria released from sporocysts formed in snails, which infects tadpoles that act as second intermediate hosts (Johnson 1968) . Taenia rileyi, however, has no free-living life stage and the only intermediate host for the development of the cysticerci is in a small mammal such as the eastern cottontail, Sylvilagus floridanus (Allen), deer mouse, i.e. species of Peromyscus Glower, and hispid cotton rat, Sigmodon hispidus Say et Ord, which are ubiquitous across the southern Illinois landscape and common prey species for carnivore hosts (Mollhagen 1979) . Definitive hosts of T. rileyi include the bobcat, domestic cat and lynx (Lynx canadensis Kerr). Toxocara cati is a nematode with a complex pattern of transmission that can be monoxenous or heteroxenous (Sprent 1956 , Swerczek et al. 1971 . However, T. cati has relatively strict host requirements preferring felids such as the domestic cat, bobcat, lynx and cougar (U.S. National Parasite Collection http://www. anri.barc.usda.gov/bnpcu/parasrch.asp).
The life cycles of the three parasite species were reflected by (1) the environmental and habitat variables chosen as layers for MAXENT and (2) the resulting importance of variable contribution. For A. marcianae, precipitation and land cover were the highest percent contributors for the model indicating selection for the free-living water stages as well as aquatic intermediate hosts (Johnson 1968) . However, after accounting for bias with the addition of the bobcat collection layer, land cover alone was of higher contribution. The highest areas of potential presence were in the Shawnee National Forest where bottomland hardwood forests and other wetlands are a more prominent land cover type than the more agricultural northern areas of the range of A. marcianae (Telford 1926) .
For T. rileyi, precipitation and soil likely represented the need for eggs in the environment to avoid desiccation (Coman 1975) . However, with the addition of the bias layer human density was the most important additional contributor. As T. rileyi is commonly found in domestic carnivores such as dogs and cats, higher human density may indicate a greater abundance of these domestic animals, increasing the density of potential hosts and thus increasing potential presence (Robertson et al. 2000) . Toxocara cati had little change with and without the bias layer with land cover and soil being the most important contributors in both models. The results of the final map showing relatively few areas of high potential presence in combination with its low training gain indicate that T. cati is likely found throughout the study area and is less reliant on environmental factors within the study area.
The variation between models reflects not the habitat or host, but the unique parasite species. Only temperature was consistently of low importance for all models, likely due to the relatively small study area and limited variation that could be potentially influential. With the bias layer included, all climatic variables were of low importance, possibly indicating that in a smaller study area minimal climatic variations were not important con-tributors to parasite presence. Scale may be an important factor to consider when modelling potential presence of parasite species. An increase in sample area for parasites of bobcats may provide more accurate models especially for generalist parasites that are not as dependent on environmental factors for infection to occur. Localised studies appear to work optimally with parasites that have specific environmental requirements like species of Alaria that require aquatic planorbid snails to complete their life cycle. However, modelling species like T. cati may provide more informative output only with a larger sample area.
In the present study, some parasite species had widespread, scattered areas of high potential presence across the entire study area like T. cati, whereas others displayed more concentrated areas (A. marcianae). This difference is likely a result of the species dependence on the environmental factors that were used for modelling. Whereas sample locations were low for all species, the best model had the intermediate number of training data (19), indicating that small sample size was not the best indicator of model confidence. Other successful MAXENT models used low numbers of presence locations, as low as 10 (Pearson et al. 2007 ). Regardless of the modelling techniques used, it is important to consider the possibility of over representative models that are based on too many underlying assumptions. Researchers must employ caution when using them to make recommendations for management decisions (Bart 1995) .
All parasite locations were collected from road killed or trapped bobcat hosts, which may cause a sampling bias. To this effect, Kadmon et al. (2003) showed how environmental biases, expressed as the degree of sampling bias with respect to the environmental conditions under which a species is known to occur, had a significant negative effect on the predictive accuracy of species distribution models like MAXENT. However, the same method was used to compare the effectiveness of MAXENT between multiple parasite species that were sampled using the same techniques. Therefore, in our study all models were subject to the same amount of error indicating the differences between models were relevant.
To account for the effect of sampling using road killed organisms, the addition of the sampling bias layer displayed more restricted areas of potential presence and improved information for variable contribution. While this technique is not yet widely used in the literature, it provides quantifiable differences and is useful as a comparative tool. It should be recommended to further studies considering multiple or systematic sampling strategies which can be combined in MAXENT. More rigorous sampling design can decrease the chance of locational or environmental bias.
In general, this study can help guide wildlife biologists and health officials interested in using MAXENT and GIS as tools for predicting presence of parasites across a relatively small region (< 50 000 km 2 ). Understanding parasite dynamics is becoming increasingly relevant with the growing impacts of climate change, anthropogenic landscape alterations and expanding populations of potential host species (Daszak et al. 2000 , Walther et al. 2002 , Carver et al. 2012 , LaRue et al. 2012 , Loss et al. 2013 . With shifts such as these, understanding parasite biodiversity in wildlife in terms of conservation, the role of wildlife as reservoirs of parasite infection and the role of parasites within the broader ecosystem is of growing importance (Thompson et al. 2010) .
